Nonreceptor tyrosine kinases of the Src family are large multidomain allosteric proteins that are crucial to cellular signaling pathways. In a previous study, we generated a Markov state model (MSM) to simulate the activation of c-Src catalytic domain, used as a prototypical tyrosine kinase. The long-time kinetics of transition predicted by the MSM was in agreement with experimental observations. In the present study, we apply the framework of transition path theory (TPT) to the previously constructed MSM to characterize the main features of the activation pathway. The analysis indicates that the activating transition, in which the activation loop first opens up followed by an inward rotation of the αC-helix, takes place via a dense set of intermediate microstates distributed within a fairly broad "transition tube" in a multidimensional conformational subspace connecting the two end-point conformations. Multiple microstates with negligible equilibrium probabilities carry a large transition flux associated with the activating transition, which explains why extensive conformational sampling is necessary to accurately determine the kinetics of activation. Our results suggest that the combination of MSM with TPT provides an effective framework to represent conformational transitions in complex biomolecular systems.
Nonreceptor tyrosine kinases of the Src family are large multidomain allosteric proteins that are crucial to cellular signaling pathways. In a previous study, we generated a Markov state model (MSM) to simulate the activation of c-Src catalytic domain, used as a prototypical tyrosine kinase. The long-time kinetics of transition predicted by the MSM was in agreement with experimental observations. In the present study, we apply the framework of transition path theory (TPT) to the previously constructed MSM to characterize the main features of the activation pathway. The analysis indicates that the activating transition, in which the activation loop first opens up followed by an inward rotation of the αC-helix, takes place via a dense set of intermediate microstates distributed within a fairly broad "transition tube" in a multidimensional conformational subspace connecting the two end-point conformations. Multiple microstates with negligible equilibrium probabilities carry a large transition flux associated with the activating transition, which explains why extensive conformational sampling is necessary to accurately determine the kinetics of activation. Our results suggest that the combination of MSM with TPT provides an effective framework to represent conformational transitions in complex biomolecular systems.
transition path theory | conformational transition | Markov state models P roteins, rather than being static molecular structures, often exhibit large-scale collective motions that are biologically essential for their function (1, 2) . Dynamics and flexibility form the foundation of both the conformational selection and induced-fit mechanisms of protein-protein or protein-ligand binding (3). An energy landscape theory was proposed in the early 1990s to conceptualize protein dynamics (4) and was extensively used to characterize the protein folding problem (5) and allostery (6) . According to the energy landscape theory, the complex topography of the landscape that underlies the dynamics can give rise to multiple and significantly populated conformational states (metastable states). The study of protein dynamics is not only interested in obtaining the thermodynamic properties of those metastable states but also pays significant attention to the transition pathways linking them and the kinetic information. A noteworthy example of biological significance is presented by the nonreceptor tyrosine kinases of the Src family. A well-characterized prototypical tyrosine kinase is c-Src, which plays vital roles in cellular signaling pathways (7); overactivation is key to tumorgenesis and metastasis and obesity (8) . Although the configurations of the regulatory domains are important in controlling kinase activity, the conformational changes occurring within the catalytic domain itself (Fig.1A and SI Methods for more details) is of special interest. Intramolecular motions, both at short and large length scales, control the activation of c-Src. Therefore, a better understanding of the internal motions displayed within the catalytic domain of c-Src during activation will clarify how protein kinases act as molecular switches, as well as help identify novel metastable states that are potentially suitable for the design of potent inhibitors.
Molecular dynamics (MD) simulations offer an attractive approach to examine the conformational dynamics in biological macromolecules at the atomic level. One possibility is to capture spontaneous transitions during long unbiased MD simulations (9).
However, this strategy becomes inefficient for very slow transitions, because the system spends a large fraction of its time returning to regions that were previously visited due to the high barriers in the energy landscape. To accelerate the sampling of the conformational space, a biasing potential can be introduced in an MD simulation to overcome the high energy barriers; umbrella sampling (10) and metadynamics (11) are popular methods in studies of conformational transitions. An alternative strategy is to combine the information from a large number of short simulations to construct Markov state models (MSMs) representative of the process of interest (12) (13) (14) (15) . MSMs use discrete-time Markov chain to describe the conformational dynamics of proteins in terms of jumps between the microstates extracted from the simulation data, providing structural, thermodynamic, and long-timescale kinetic information (16, 17) . For example, this approach was used to examine the activation of PKA regulatory subunit RIα in response to cAMP binding (18) . Yang et al. (19) carried out a MSM analysis of a simplified coarse-grained model of the catalytic domain of Hck, a member of the Src family of kinases. More recently, Shukla et al. (20) constructed an MSM for the activation process in c-Src catalytic domain using ∼500 μs of aggregated sampling generated from Folding@Home.
A fundamental issue with conformational transitions occurring in complex macromolecular structures is that they are difficult to comprehend because of their inherent multidimensional nature. An elegant framework, called transition pathway theory (TPT), developed to facilitate the analysis of MSMs can help overcome this challenge (21, 22) . TPT has previously been applied to the study of protein folding (17, 23) and the dynamics of HIV-1
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Proteins often exhibit large-scale collective motions that are essential for biological macromolecules to perform their functions. To understand the nature of the large-scale conformational dynamics, we applied transition path theory to analyze the Markovian microstates that are obtained from extensive unrestrained molecular dynamics simulations, using the activating conformational changes in the kinase domain of c-Src nonreceptor tyrosine kinase as an example. These results elucidate the fine details of the conformational transition and offer a perspective for the interpretation of the conformational transition. Microstates that are not crucial to the thermodynamics but are important for the kinetics can be identified by transition path theory, explaining why extensive conformational sampling is needed to reproduce the accurate kinetics.
protease flaps (24) and has offered atomistic insights into the pathways and kinetics. The availability of a meaningful MSM analysis based on extensive MD simulation data provides a great opportunity to further examine the nature of the conformational transition pathways associated with the activation process within the c-Src kinase domain. The present study uses TPT to help elucidate the fine details of the activation transition pathway in an important signaling protein like c-Src.
Results and Discussion
Selection of the Reactant and the Product States from MSM. In a previous study, an MSM comprising 1,798 microstates with a 5-ns lag time was constructed from ∼550 μs of aggregate MD trajectories. A network (1,798 nodes and 46,089 edges) representation of the MSM is displayed in Fig. 1C . In this network, each node represents a microstate and the edges denote a nonzero transition probability between a pair of microstates i and j. Such a large number of nodes and edges indicates that advanced analysis scheme such as TPT is necessary to reveal the inherent features of the conformational transition. The first step in applying TPT is to define the reactant and the product states. To simplify the present analysis, a single MSM microstate was assigned to be the reactant and the product, respectively. The reactant state (inactive kinase) is selected based both on structural similarity with the crystallographic structure of the inactive c-Src kinase 2SRC (25) , and on the free energy of the microstates in the MSM analysis. This leads to microstate 0: It displays the lowest free energy (Fig. S1A ) and the rmsd of all Cα atoms relative to the kinase domain of the crystal structure 2SRC (25) is 1.0 Å. Furthermore, inspection of the structure shows that its αC-helix adopts an outward-rotated conformation and the A-loop is in the partially folded and closed conformation, which are two key features of the inactive conformation. This indicates that microstate 0 is indeed a good representation of the inactive state. Structurally, the product state is expected to resemble the kinase domain from the crystal structure of active-like c-Src 1Y57 (26) . Several microstates display an rmsd for Cα atoms that is fairly small (less than 1∼2 Å). In principle, a broad basin of microstates could have been ascribed to the product state. For the sake of simplicity, a single microstate state was chosen, the one yielding the smallest possible rmsd together with a distribution of committor probabilities covering the full range [0,1] with no gaps within bins of 0.1 (see below for more discussion about committor probabilities). The microstate (1663) chosen to stand for the product state has an rmsd value of all Cα atoms of 1.5 Å relative to the kinase domain of 1Y57 (26) and yields a range of committor probabilities that is well distributed (Fig. S1B) . The free energy difference between the reactant and the product, which can be computed with the equilibrium probabilities of the two end states, is about 3.9 kcal/mol. This value is coincidentally very close to the ΔG between the inactive and active basins after integrating the 2D potential of the mean force (2D-PMF; Fig. S2A ). One advantage of using TPT to investigate conformational transition is that all kinetic information can be incorporated in closed form from the MSM. Using the current definition of the reactant and product states, the rate of reaction A → B (k AB ; see SI Methods for the calculation of k AB ) is estimated to be 1/95 μs −1 , based on TPT. This is consistent with the mean first passage time of 110 μs previously determined from the slowest eigenvalue from the MSM, further validating our choice of the two end states.
Analysis of All Markov Microstates. When studying conformational transitions, the reaction coordinate is a single variable that quantifies progress along a pathway. The committor probability (i.e., the probability, starting from any microstate, to first reach state A rather than state B), serves as an ideal reaction coordinate (27, 28) . By constructing a histogram of the microstates based on the committor probabilities and accumulating the equilibrium probabilities in each bin, the free energy profile along the "reaction coordinate"-committor probability can be obtained. The resulting 1D free energy profile is plotted in Fig (chicken c-Src numbering) in the αC-helix is explicitly shown to illustrate the movement of the αC-helix in the transition. E310 is pointing outward in the inactive conformation, whereas it is pointing inward in the active-like conformation so that a catalytically important salt bridge can be formed (36) . The A-loop is partially folded in the inactive kinase, but it becomes fully extended in the active conformation. (B) Atoms that define the space of CVs. The Cartesian coordinates of the selected atoms are used as CVs. A total of 50 atoms are selected. The carbon atoms are colored in orange, and the nitrogen atoms are colored in blue. (C) Network representation of the conformational transition. Each node represents a microstate from MSM, and edges represent nonzero elements of the transition probability matrix. The size of each node is proportional to the Boltzmann weight of the corresponding microstate. The largest node size is set to be 150, whereas the smallest node size is 10. Microstates are colored by their committor probability values. The program Gephi (37) was used to generate this network representation.
degenerate values of the committor probabilities (Fig. S2B) . A new metastable state appears when projecting the 2D-PMF onto the reaction coordinate. A piece of evidence to support this reasoning is that visual inspection of the structural ensemble of the intermediate state centered at q ≈ 0.6 reveals large structural flexibility, especially for the αC-helix. This can also be observed in Fig. S2B : Microstates having q ≈ 0.6 are scattered in a large region of the 2D-PMF coordinates. The present analysis confirms that structural features indeed tend to be oversimplified when characterizing conformational transitions on the basis of a few chosen order parameters. Several widely used enhanced sampling strategies such as umbrella sampling and metadynamics rely on choosing a few (usually one to three) predefined structural collective variables (CVs) to coarsegrain a conformational transition (i.e., mapping a high-dimensional transition to a much lower dimensional structural CV space) and to bias the sampling in the CV space. They could potentially suffer from this oversimplified mapping and fail to capture crucial aspects of the transition. Similar issues might also be encountered with the string method, which also depends on a set of predefined CVs, although this is somewhat alleviated because the subspace of CVs is typically of a fairly large dimension.
Although the microstates were obtained from unbiased MD simulations, projection of the microstates onto 2D-PMF still helps understand features of the conformational changes and the energy landscape. According to Fig. S2B , opening the A-loop occurs at the very early stage of the activation, because most of the metastable states in the horizontal band have q i ≤0.3. Microstates with a committor probability around 0.5 mostly scatter in the region between the intermediate and the active states, suggesting the kinetic bottleneck (the transition states) lies between the intermediate and the active states. As expected, the free energy basin in the 2D-PMF that includes the kinase domain in an active conformation also contains metastable microstates with committor probabilities close to 1.0. However, one can still observe microstates with q ≈ 0.5 within a basin close to the active conformation, suggesting that some slow degrees of freedom exist despite the structural similarities of those microstates. This further confirms that there is a need to go beyond a structural perspective to fully understand the inherent complexity of conformational transition in biological macromolecular systems.
The Transition Tube. When the committor probability is used as the reaction coordinate, a "reaction tube" connecting the two end states can be defined by grouping microstates according to their committor probabilities. We are particularly interested in knowing the spatial distribution of the equilibrium probability (π i ), net flux (f + ij ), and the equilibrium probability of observing a reactive trajectory (π R i ) within this transition tube because those are key quantities characterizing a conformational transition. Together, they define the shape of the transition tube. To progress in our analysis, a histogram of committor probability was constructed (bin width of 0.1). Through this discretization process, the transition tube was separated into 12 slices or crosssections. Microstates that fall into each slice along the transition tube were then collected, and their geometric center in the CV space was computed. The geometric center corresponds to a line at the center of the tube. In the present analysis, the Cartesian coordinates of 50 atoms (Fig. 1B) are used to define the CV space; Euclidean distances between each microstates and the geometric center were calculated in the CV space and those Euclidean distances were normalized by the square root of the number of CV atoms (i.e., 50) to correspond more closely to the commonly used rmsd value. The effective normalized distance, referred to as d i , will be used throughout the remainder of the analysis. Fig. S3A displays d i as a function of committor probability. According to Fig. S3A , the microstates distributed around the corresponding geometric center display a lower bound of distance value of ∼2 Å, and an upper bound that is between 6 and 9 Å. Microstates are scattered in a large region of the CV space, indicating that the transition tube is quite broad. Linear regression of the d i values in response to committor probability resulted in a straight line with a slope of −0.38 and intercept of 4.5. The shape of the tube on the basis of the committor probability seems to resemble a spindle. The transition tube becomes wider as it leaves the reactant state and reduces its width as it approaches the product state. Eventually, all fluxes enter the one-point product state.
To probe the distribution of the net reactive flux within the transition tube, we used the row-sum of the net-flux matrix F productive flux elements F + i are likely to have small equilibrium probabilities π i , and vice versa. The TPT analysis of c-Src activation reveals that microstates that are not highly probable at equilibrium can nonetheless carry large productive fluxes to act as hubs for the transitions. Those states are important for understanding kinetics. However, microstates that possess relatively large equilibrium probability (and carry a small productive flux as shown in Fig. 2B ) can be found far away from the geometric center of the transition tube. This simply shows that microstates that are important for thermodynamics are not necessarily important for kinetics. Transition fluxes and equilibrium probabilities need both to be taken into account to characterize conformational changes.
Reactive trajectories generated within the TPT framework, in which the system transits from the state A (inactive) to the state B (active), also provide important information on the activation mechanism. In practical applications, one is often interested in knowing the probability if a specific microstate is (or is not) along the path of a reactive trajectory (π Constructing Pathways from TPT. The string method, by which a transition pathway is discretized into a chain of states called images, is a powerful technique to study rare event in complex systems (29, 30) . Once the optimized string has been obtained, thermodynamic and kinetic information can be extracted from milestoning simulations. Recent successes (31, 32) in applying the string method to study transition events prompted us to incorporate this concept in our TPT analysis of the MSM for Src kinase activation. Here we adopt the following prescription to generate path strings connecting the reactant and the product based on a steepest descent/ascent type of strategy to the net flux. Starting from the reactant (microstate 0), microstate j, which has the largest net flux f + 0j , is selected. Then, microstate j is set to be the starting point and the previous criterion is applied. This leads to microstate k because f + jk is maximal among net fluxes leaving microstate j. The process is repeated until the product state (here microstate 1663) is reached. The chain of discrete microstates can be viewed as the discretized form of a string, with increasing image index as the microstates move toward the product state. Following the above protocol, a discretized string (S 0 ) with 16 images can be constructed. Projection of S 0 onto the 2D-PMF is shown in Fig.  3A . Fig. 3A illustrates that S 0 mostly travels in the valley of the free energy landscape. This observation is consistent with the assumption that the optimized string corresponds to a minimum free energy pathway. Further, the intermediate state traps a large fraction of S 0 (seven images, ∼44% of the images in S 0 ), indicating the complex nature of the transitions in the intermediate state region . Fig. 3A also displays that the committor probability increases monotonically along S 0 . Images 11 and 12 approximately correspond to the transition state in S 0 .
To analyze how the microstates distribute around S 0 , a Voronoi tessellation of the CV space is used, using the 16 images of S 0 as the center of the cells. The distance between neighboring images, and the average distance from a microstate to S 0 are computed and plotted in Fig. S4A . The mean value of distances between adjacent cells center-to-center is 4.6 Å, with an SD of 0.6 Å. Remarkably, the sum of each segment, which is approximately the total length of the string, is ∼70 Å whereas the distance between the two endpoints is only ∼10 Å. The large ratio between the length of the string and the distance between two end points suggests that the optimal productive path S 0 in the CV space is highly "crumpled." The system must navigate on the rugged free energy landscape, thereby traveling a much longer total distance in the CV space than the actual distance between the end states. When viewing S 0 in the 2D-PMF coordinates, S 0 zigzags with loops in the free energy landscape. We also examined the relative position between an image (defined as the cell center) and the true geometric center of all microstates in that cell, for all cells. The distances between two types of center are also plotted in Fig. S4A . Comparing the average distance to S 0 (the red curve in Fig. S4A ) and the distance between two types of centers (the blue curve in Fig. S4A ), the latter is shorter than the former, suggesting that S 0 travels near the center of the data cloud. Moreover, the curve showing the average distance to S 0 is more or less flat, suggesting that microstates surround S 0 with equal thickness on average. A histogram of the distance from a microstate to S 0 (d i→S0 ) is given in Fig. S4B . A single peak is observed and occurs at ∼4.1 Å with small counts at both short and large distances.
In addition to the geometrical distribution of microstates around S 0 we are also interested in knowing the distribution of the net fluxes and equilibrium probability around S 0 . To achieve this, we plot F i + vs. d i→S0 and use the size of a point to reflect the π i (Fig. 3B) . From this figure, one can see that microstates with large Fig. 3B can also be observed from the 2D histogram. Furthermore, the 2D histogram shows that microstates that are 4-5.25 Å away from S 0 and have very small net fluxes are more probable than the rest. We further examine how π i distribute around S 0 . As demonstrated previously, large F + i correlates with relatively small π i , whereas large π i correlates with small F + i . Multiple strings (transition pathways) are possible for a complex system like the c-Src kinase domain. Each string carries a certain amount of transition flux. In TPT, the flux of a pathway can be calculated as the minimal flux of an edge in the pathway (17) . In the case of c-Src kinase domain, the transition network contains 1,798 nodes and 46,094 edges and an edge can be used in more than one pathway. Therefore, a complete scanning of all possible pathways sorted by their fluxes is extremely time-consuming. Instead, a two-step protocol is repeated to generate a number of paths. (i) The steepest descent/ascent type of strategy is adopted to generate a pathway, as described above. (ii) Immediately following the generation of a pathway, the flux of the pathway was subtracted by all edges in that pathway. Thus, although an edge in that selected pathway could be used in other pathways, the flux is modified every time the edge contributes to a pathway. We selected the first 200 pathways that resulted from the above procedure and used them in our analysis. Although the combined reactive flux carried by the set of 200 pathways accounts for approximately 18% of the total reactive flux from the reactant state, the set includes all of the largest flux paths. The distribution of the reactive fluxes among those 200 pathways can be found in Fig. S6 . The spread of the 200 strings is similar to that of all microstates, as shown in Fig. S7 , suggesting that those 200 strings are not confined in a particular region of the transition tube. The accumulated length of segments (approximated length of the string) in a string is plotted against the distance between the corresponding image and microstate 0 which is the starting image (Fig. S8) to reflect the straightness of the strings. Fig. S8 further supports that the transition tube has to travel a long distance to connect the two end points. In polymer theory, the length of a fully stretched chain L can be determined as N·b, in which N is the number of segments and b is the length of each segment. Assuming the chain follows a random walk model, in which the growth of segments is independent of each other, the mean of the square of the end-to-end distance R satisfies the following relation:
Therefore, the length of the chain can be expressed as L 2 = N · hR 2 i. In the present study, each one of the 200 pathways can be viewed as a random chain. The end-to-end distance is the distance between the first image and the last one and is a constant (11.4 Å) because it represents the rmsd in the CV space between the reactant and the product. The average of L and N was determined to be 63.6 Å and 14, respectively, using the 200 pathways, which yield R to be ∼16 Å. One may picture as if the pathways fill the transition tube, much like a random coil in the multidimensional subspace of the CVs. Therefore, the transition pathways for the activation of c-Src correspond to random walks in the subspace of CV, confined within a reaction tube of about 4.5-Å radius rmsd. Although the activation of c-Src involves large-scale motions, the finite and relatively constant width of the reaction tube that encompasses the transition pathways does not seem to be consistent with the partial unfolding proteinquake model of conformational transition previously proposed by Miyashita et al. (6) .
Milestoning Simulations Reveal Similar Structural Features. The Markovian milestoning method (33, 34) is another way to reveal both the thermodynamic and kinetic information of conformational transitions. In a Markovian milestoning simulation, partitioning the CV space into Voronoi cells is used a priori. Because the milestoning method also relies on a predefined CV subspace of low dimensionality, it too could potentially fail to capture important features of the landscape of accessible conformations.
One strategy to partition the CV space is to use a perfectly converged string representing the minimum free energy pathway. Here, the milestoning simulations started from an optimized string S 1 that was also used to seed the Folding@Home simulations. Fifty-nanosecond MD trajectories were accumulated for each Voronoi cell, and a total of 2.55 μs of MD sampling was eventually achieved. Using the 50-ns milestoning trajectories, a 1D-PMF as a function of image index (also the index of Voronoi cell centers) is computed and plotted in Fig. S9A , whereas the free energy profile along S 0 is shown in Fig. S9B . One should note here that the 1D-PMF in Fig. S9B is based on ∼500 μs of MD sampling. Comparing the two 1D-PMFs, one could see that the PMF from milestoning simulations yields two metastable states (one for the inactive kinase domain and the other for the active kinase domain) separated by an energy barrier. The same behavior is also seen from the TPT analysis. However, both the relative free energy between inactive and active metastable states and the free energy barrier are too high for the milestoning simulations, when quantitatively compared with the PMF yielded from MSM and TPT. To understand the difference, we recomputed the geometric center from the milestoning simulation in each Voronoi cell. A new string S 2 can be constructed by connecting adjacent geometric center. A drift from S 1 can be observed when comparing S 1 and S 2 , as demonstrated in Fig. S10 . Further, projecting the MSM microstates onto S 1 and S 2 also demonstrates that the microstates are closer to S 2 . Our work suggests that an optimized string may seem to be a minimum free energy pathway during the optimization process of string methods (i.e., plateaus can be seen when examining the rmsd with respect to the initial and/or final strings). However, the string can still be drifting very slowly toward the true minimum free energy pathway: This drift becomes clear in a timescale of 50 ns per image in our application of the milestoning method to the Src activation. Our work indicates that obtaining a minimum free energy pathway using the string method is a slow process and requires large-scale conformational sampling. In addition, choosing/designing a metric that is able to indicate the convergence of the string method better than simply comparing the rmsd with respect to the initial and/or final strings is also an important aspect of practical application of the string method.
Conclusion
Large-scale collective motions are essential to biological macromolecules such as proteins. Independent all-atom MD simulations with explicit solvent models can be aggregated to elucidate the molecular mechanisms of such motions and to quantitatively characterize the thermodynamic and kinetic properties, based on MSMs. When the conformational transition becomes complex, more powerful theoretical frameworks such as TPT and the transition reweighted analysis method (35) can be combined with MSMs to interpret the dynamical process.
In the present study, we aimed to understand the nature of conformational transitions in c-Src tyrosine kinase, which is an example of allosteric biological macromolecules. The conformational transition that activates the c-Src kinase domain was analyzed based on aggregated data from unbiased MD simulations within a theoretical framework provided by MSM and TPT: TPT was applied to the Markov microstates from the massively distributed MD simulations. The TPT analysis indicates that the activating transition takes place via a dense set of intermediate microstates distributed within a broad and curved multidimensional "reaction tube" connecting the two end-point conformations. Large transition fluxes tend to appear near the central axis of the tube and are likely to pass through metastable microstates that are not highly populated at equilibrium. Thus, microstates with low Boltzmann weight cannot be ignored in the study of conformational transition because they may be needed to correctly represent the kinetics. Therefore, it is understandable that conformational sampling is crucial in estimating kinetic quantities accurately. However, metastable states with large equilibrium probability and with large probability to observe a reactive trajectory can be found at the outer region of the transition tube and do not necessarily contribute to the flow of transition probability current significantly. Although the pathways display considerable variability, they are nonetheless confined within a broad "reaction tube" consistent with the view that the inactive-to-active transition in c-Src kinase proceeds first by an opening of the A-loop, followed by an inward rotation of the αC-helix (19, 20) .
More generally, the present analysis offers a perspective for the interpretation of a conformational transition in an important signaling allosteric protein. Our findings point out that both transition flux and equilibrium probability are essential to understand conformational changes and they need to be taken into account simultaneously. Furthermore, transition pathways populate a broad and curly reaction tube. This could explain the difficulty in representing the conformational transition via a unique and welldefined minimum free energy pathway in practice. Also, we show that metastable states with low Boltzmann weight are able to affect kinetics and should not be ignored in the study of conformational transition. Finally, our previous modeling has suggested that compounds that stabilize the inactive and the intermediate conformations of the kinase domain might be used as c-Src inhibitors, because they can prevent activating c-Src kinase domain (20) . Therefore, an understanding of the dynamic process can have a broader impact.
Methods
TPT. A brief description of TPT is given in SI Methods, and one could refer to Noé et al. (17) and Vanden-Eijnden (21) for more details.
Markovian Milestoning Calculation. Markovian milestoning simulations were also carried out to characterize the activating conformational transition in the catalytic domain of c-Src (see SI Methods for an introduction to the methodology and the computational details). 
